Characterizing Sociolinguistic Variation in the Competing Vaccination
  Communities by Memon, Shahan Ali et al.
Characterizing Sociolinguistic Variation in the
Competing Vaccination Communities
Shahan A. Memon1[0000−0002−1152−0867], Aman Tyagi2[0000−0002−6654−0670], David
R. Mortensen1[0000−0002−9096−6137], and Kathleen M. Carley1,2[0000−0002−6356−0238]
1 School of Computer Science , Carnegie Mellon University, PA 15213, USA
2 Engineering and Public Policy, Carnegie Mellon University, PA 15213, USA
samemon@cs.cmu.edu,amantyagi@cmu.edu,
{dmortens,kathleen.carley}@cs.cmu.edu
Abstract. Public health practitioners and policy makers grapple with the chal-
lenge of devising effective message-based interventions for debunking public
health misinformation in cyber communities. Framing and personalization of the
message is one of the key features for devising a persuasive messaging strategy.
For an effective health communication, it is imperative to focus on preference-
based framing where the preferences of the target sub-community are taken into
consideration. To achieve that, it is important to understand and hence character-
ize the target sub-communities in terms of their social interactions. In the context
of health-related misinformation, vaccination remains to be the most prevalent
topic of discord. Hence, in this paper, we conduct a sociolinguistic analysis of the
two competing vaccination communities on Twitter: pro-vaxxers or individuals
who believe in the effectiveness of vaccinations, and anti-vaxxers or individu-
als who are opposed to vaccinations. Our data analysis show significant linguis-
tic variation between the two communities in terms of their usage of linguistic
intensifiers, pronouns, and uncertainty words. Our network-level analysis show
significant differences between the two communities in terms of their network
density, echo-chamberness, and the EI index. We hypothesize that these sociolin-
guistic differences can be used as proxies to characterize and understand these
communities to devise better message interventions.
Keywords: vaccination · sociolinguistic analysis · social network analysis
1 Introduction
Health-related misinformation has detrimental effects on the public health. According
to researchers, many preventable diseases have re-emerged as a consequence of the drop
in immunization rates due to declining trust in vaccines caused by the misinformation
on the web [17].
Debunking public health misinformation requires an effective health communica-
tion such as a message-based intervention. For an effective message-based interven-
tion, it is imperative to focus on preference-based framing where the preferences of the
target sub-community are taken into consideration. These preferences can be defined
over three main aspects: (i) choice of the messenger, (ii) medium of information dis-
semination, and (iii) content of the message. A message intervention is effective if the
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message is delivered by a trusted source using an optimal medium of dissemination.
In online communities, this translates to identifying the influencers or nodes with high
degree centrality in the social network such as shown in [19]. Choosing the content of
the message, on the other hand, requires a thorough understanding of how the target
community members interact with each other, what language choices they make, and
how those language choices reflect their non-negotiable social identities.
Vaccination related misinformation is arguably the most prevalent form of misinfor-
mation online. Therefore, for the purposes of this study, we chose to tap into vaccina-
tion discourse on Twitter. We study the conversations between two competing groups of
Twitter users: (i) those who believe in the effectiveness of vaccinations (pro-vaxxers),
and (ii) those who are skeptical (anti-vaxxers). The goal of our study is to characterize
the two competing vaccination communities in terms of their sociolinguistic variation.
We hypothesize that understanding the interactions of the members of these communi-
ties can help devise a better messaging strategy.
Prior work includes the sociolinguistic analysis of Twitter in multilingual societies
[15], predicting community membership using word frequencies [7], identifying effec-
tive vaccine communication using fuzzy trace theory [4], and sociolinguistic study of
online echo-chambers [10].
We extend the work by Duseja and Jhamtani in [10] to study vaccination-based
communities on Twitter by understanding their differences in usage of linguistic in-
tensifiers, pronouns, and uncertainty words. We also conduct a network-level analysis
by computing the network density, EI index, and echo-chamberness for the two target
communities.
2 Dataset
To construct our dataset, we employ a three-stage process: (i) we first collect data using
a set of hashtags via the Twitter search and the Twitter streaming API; (ii) we use this
data to identify the two communities; and (iii) finally, to mitigate survivorship bias [6]
and collect more data per individual, we collect timelines of the identified pro- and anti-
vaxxers. We describe this process in detail in the following subsections. In the section
2.4, we present the statistics for the final set of data we use to conduct our analyses.
2.1 Data Collection
We first collect a set of known pro-vaccination and anti-vaccination hashtags from our
domain knowledge as well as from the background literature [9]. List of these hashtags
can be found in Table 1. We use these hashtags to collect Twitter data through the
Twitter Streaming API, and augment it with data collected from Twitter Search API.
The data consists of Tweets from 29th October 2019 to 12th November 2019. Based
on [5], we filter out all tweets that do not include the lemmas “vacc” or “vax” (case
insensitive) as part of their tweet text. This is to remove any possible noise in the data.
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Table 1. This table shows the hashtags used for the task of data collection. We use camel-casing
for better readability.
Stance Hashtags
Pro-vaccination VaccinesSaveLives, VaccinesWork, WorldImmunizationWeek, VaxWithMe,
HealthForAll, WiW, ThankYouLaura
Anti-vaccination
LearnTheRisk, VaccineInjury, VaccineDeath, VaccineDamage, Vacci-
nesCauseAutism, CDCFraud, CDCWhistleBlower, CDCTruth, WakeU-
pAmerica, HearUs, HealthFreedom
Unidentified Vaccine, Vaccines, Vaccinate, VaccinateUS
2.2 Community Detection
Label Propagation To be able to conduct any analysis, it is imperative to identify the
competing groups. Assigning a stance to a tweet or a twitter user is a non-trivial prob-
lem. Therefore, we use a similar method as described in [21,22] to find anti-vaxxers and
pro-vaxxer groups based on the weighted combination of the valence of their hashtags.
In this study, we assume that retweets indicate endorsement.
In the previous studies such as [11], hashtags have been shown to work as realistic
proxies for identifying stances among different groups on social media sites. In [21],
hashtags are used to identify twitter users who believe in anthropogenic causes of cli-
mate change and those who do not. Similarly, in [22], hashtags could also be used to
identify polarization in political discourse and how the polarization can change with
time.
We use community detection method based on the work done in [22]. We first
choose 2 seed hashtags for each of the polarized groups: #VaccinesSaveLives and #Vac-
cinesWork for pro-vaccination and #VaccineInjury and #LearnTheRisk for anti-vaccination.
We assign pro-vaccination seeds a valence of +1, and anti-vaccination seeds a valence
of -1. 3 We then create a hashtag co-occurrence graph to identify most co-occurring
hashtags with the chosen seeds, and choose those that are semantically similar, as well
as the ones that are known to be pro-vax and anti-vax hashtags from the background
literature [9,5,4] to manually assign a hard valence of +1 and -1. We then use a variant
of label propagation algorithm [24] described as Algorithm 1 below to assign valence to
each of the remaining hashtags. Similar to [22] the input to the algorithm is a hashtag-to-
hashtag co-occurrence graph where hashtags represent nodes, and nodes are connected
if they co-occur. The edges are weighted by the frequency of co-occurrence.
Stance Identification Once we have identified the valence of a set of hashtags, we
aggregate hashtags used by each user and find a weighted average of the valence of all
3 We randomly sample 100 tweets for each of these hashtags. For pro-vaccination hashtags,
98% of tweets with hashtag #VaccinesSaveLives and 97% of tweets with hashtag #Vac-
cinesWork were related to pro-vaccination. For anti-vaccination hashtags, 88% of tweets with
hashtag #LearnTheRisk and 93% of tweets with hashtag #VaccineInjury were related to anti-
vaccination.
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Algorithm 1: Label Propagation Algorithm
Input: Nodes = n; Edges = e; Edge Weight = eij , i ∈ n and j ∈ n
initialize γ = 50 and i;
for each n do
define l = integer(i/γ); i+ = 1;
for each n do
if n not labeled then
compute t = neighbors of n;
compute tl = labeled neighbors of n;
if |tl|+ l ≥ t then
initialize score, c
for each ti ∈ t do
score += label ti * enti
c += enti
end
update label n = score/c
end
end
end
end
hashtags used by a particular user. We label a user as pro-vaxxer, or anti-vaxxer if the
weighted average was positive, or negative respectively.
Using the algorithm, 3295 users are identified as pro-vaxxers, 2967 as anti-vaxxers.
We randomly sample 100 users that were classified as pro-vaxxers and 100 users that
were classified as anti-vaxxers to evaluate the quality of assignment. We find 96% of the
labeled pro-vaxxers as pro-vaxxers, and 80% of the labeled anti-vaxxers as anti-vaxxers.
2.3 Timeline Extraction
Both Twitter streaming API and the Twitter search API do not allow the collection of
data beyond a certain time period to be able to extract historical tweets. As a conse-
quence, we collect our initial set of tweets within a fixed time window of 15 days.
Because our goal was to study how the non-negotiable social identities of users cor-
related to their linguistic choices on Twitter, windowing the data by time period of 15
days could lead to high survivorship bias where users with higher activity within the
chosen days could introduce bias in our analyses by having a higher influence. This is
why, we decided to augment our data with timelines of identified individual users. This
may not remove the survivorship bias completely, but may help mitigate it.
At the end of timeline extraction, we only retain one copy of each of the tweets.
More concretely, to avoid over-inflating the effect of certain tweets that are more viral
than the other, we use only unique tweet texts. This is an important preprocessing step
to conduct a sociolinguistic frequency-based analysis.
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2.4 Data Statistics
At the end, our sociolinguistic analysis is conducted on an overall 6262 Twitter users
with an aggregate of 588,110 tweets. This included 3295 pro-vaxxers with 310461 pro-
vaccination tweets, and 2967 anti-vaxxers with 277649 anti-vaccination tweets, making
it an average of about 94 tweets per user for both pro- and anti-vaxxers.
3 Methodology
We conduct two types of analyses to characterize the two competing groups: linguistic
analysis and network analysis.
3.1 Linguistic Analysis
We test three linguistic variables which are described as follows.
Linguistic Intensification We first study the differences in the usage of linguistic in-
tensifiers. Intensifiers are words, or phrases that strengthen the meaning of other ex-
pressions and show emphasis. Examples include amplifiers (eg.“really”, “very”), usage
of swear words, general interjections (eg. “wow”, “omg”), and exclamations. Inten-
sifiers are commonly used to bolster argumentation to persuade the target audience.
We hypothesize that users that are pro-vaxxers use more intensifiers. This is because
pro-vaxxers have been found to frequently debunk anti-vaxxers’ claims with scientific
evidence [2]. Therefore, they would seem to take the corrective approach intended to
persuade anti-vaxxers, hence using more intensifiers.
Pronomial Usage Pronouns play a key role in models of narrative and discourse pro-
cessing [12]. Because most of the vaccine-related misinformation is based on personal
anecdotes, we would expect pronomial usage to be high amongst anti-vaxxers. To test
this, we identify various different categories of pronouns (eg. “subject pronouns”, “ob-
ject pronouns”, “third-person pronouns”), a complete list of which can be found in Table
2.
Use of Uncertainty Words Previous research [10] has found the use of uncertainty
words (eg. “might”, “likely”) as a negative linguistic correlate of echo-chamberness.
This is based on the hypothesis that because users not in echo-chambers are exposed to
alternate views, they may be less certain of their ideas. We adopted the list of uncertainty
words from [10] to test if that is true i.e. if there is a significant difference in the use of
uncertainty words across the two vaccination communities.
3.2 Network Analysis
We also compute three network-level measures to characterize the network structure
of the two target communities. We describe each of these measures in detail in their
respective sections below.
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Table 2. This table shows the lexical categories we use for the sociolinguistic analysis along with
the chosen list of words for each category (lexicon).
Lexical Category Lexicon (vocabulary)
Intensifiers
Amplifiers
amazingly, -ass, astoundingly, awful, bare, bloody, crazy, dead, dreadfully,
colossally, especially, exceptionally, excessively, extremely, extraordinary,
fantastically, frightfully, fucking, fully, hella, holy, incredibly, insanely, mad,
mightily, moderately, most, outrageously, phenomenally, precious, quite,
radically, rather, real, really, remarkably, ridiculously, right, sick, so, some-
what, strikingly, super,supremely, surpassingly, terribly, terrifically, too, to-
tally, uncommonly, unusually, veritable, very, wicked
Swear words fu*****, etc. A complete list of words can be found on Wikipedia’s Englishswear words page [].
General interjections wow, hooray, ouch, uh oh, ew, aw, omg
Exclamation !*
Uncertainty words may, might, perhaps, maybe/may-be, potentially, possibly, likely, probably,probable, possible, think, seem, believe, presume, would be, could be
Pronouns
Demonstrative this, that, these, those
Possessive ours, mine, yours, theirs, his, hers
Quantifier few, several, some, all, much, one, fewer, many, more, most, plenty, less,little, enough
Reflexive myself, herself, ourselves, themselves, yourself, himself, itself, yourselves
First-Person I, we, us, me, myself, my, mine, our, ours
Second-Person you, yours, youre, your
Third-Person he, she, theirs, themselves, them, her, him, his, himself, hers, herself, it, its,itself, they
Gendered third-person he, she, her, him, his, himself, hers, herself
Subject I, she, he, they, we, you, it
Object me, us, them, him, you, her, it
IT it, its, its, itself
Network Density Network density is defined as the ratio of actual connections and
potential connections [13]. Dense networks tend to “groupthink” [20] where conformity
of ideas is highly valued and difference of opinions is discouraged.
EI Index The EI (External-Internal) index was developed by Krackhardt and Stern in
[16] as a measure of dominance of external over internal ties. More concretely, assum-
ing two groups based on some attribute, one group defined as internal and the other as
external, the EI index is computed as follows:
EI =
EL− IL
EL+ IL
(1)
where EL represents the number of external links and IL represents the number of
internal links. EI index is a useful proxy for identifying echo-chamberness.
Echo-chamberness To compare the echo-chamber effect in the two vaccination groups,
we also directly compute the echo-chamberness of the two communities. We use the fol-
lowing definition of echo-chamberness: For a given network G, the echo-chamberness
(EC) is defined as:
EC = (r ∗ d)1/3 (2)
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where r is the reciprocity [23] of graph G or the ratio of bi-directional edges and the
total number of edges in G, and d is the density of graph G.
3.3 Evaluation
Test Statistics For each sub-category of the linguistic features in Table 2, we use two
test statistics to compute the difference between the two groups. These are as follows:
1. The overall proportion of tweets that contain any of the words for a given lexical
category (T1)
2. The mean of the proportions of tweets of individual users containing any of the
words for a given lexical category (T2)
We use these test statistics to compute (i) the difference of proportions between the two
groups, and (ii) the difference of means of proportions between the two groups.
The first test statistic regards each tweet independently. We use the second test
statistic to account for differences in the linguistic choices of individual users.
Statistical Significance: For the first statistic, we use a two-sample z-test for the dif-
ference of proportions (Z1). For the second statistic, we use an independent z-test for
the difference in means (Z2). For all the tests, our α = 0.05.
4 Results and Discussion
4.1 Linguistic Analysis
The summary of our linguistic analysis across all the lexical categories can be found in
Table 3.
Linguistic Intensification We observe that our initial hypothesis that pro-vaxxers use
more intensifiers is false. What we find is that anti-vaxxers employ significantly more
linguistic intensifiers than pro-vaxxers. This holds true across all the sub-categories of
intensifiers with the exception of the use of general interjections where the difference is
marginal and not significant. While intensifiers are used as a persuasion technique, the
observed results can possibly be explained by an old theory in speech communication
that correlates the use of intensifiers with perceived powerlessness [3,14]. Intensifiers
and hedges are used more generally by people with low social power [3]. Because anti-
vaxxers are a minority group, it is a possible argument one could make as perceived
minority leads to perceived low social power which could lead to high linguistic inten-
sification.
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Table 3. This table shows the summary of our analyses across all the linguistic categories. The
first column shows the lexical category. The second and third columns show the first test statistic
as a percentage for pro-vaxxers and anti-vaxxers respectively. The fourth and fifth column display
the z-score and p-value for the z-test for the difference of proportions. The sixth and seventh
columns show the second test statistic as a mean percentage for pro-vaxxers and anti-vaxxers
respectively. The eighth and ninth columns display the z-score and p-value for the independent
z-test for the difference in means
Lexical Category T1 (Pro) T1 (Anti) z-score (Z1) p-value (Z1) T2 (Pro) T2 (Anti) z-score (Z2) p-value (Z2)
Intensifiers 45.90% 50.60% -36.25 < .001 11.63% 14.96% -6.59 < .001
Amplifiers 31.40% 37.10% -45.32 < .001 10.91% 13.66% -5.66 < .001
Swear words 4.0% 5.60% -27.40 < .001 .57% 1.04% -3.26 < .001
General interjections 17.50% 16.70% 7.89 < .001 .43% .58% -1.37 .17
Exclamation 1.10% 2.20% -34.17 < .001 - - - -
Uncertainty words 5.7% 7.0% -20.84 < .001 4.12% 5.07% -3.23 .001
Pronouns 55.80% 62.20% -49.68 < .001 55.94% 61.83% -7.38 < .001
Demonstrative 17.63% 20.91% -31.84 < .001 18.61% 21.73% -5.20 < .001
Posessive 1.30% 1.60% -9.39 < .001 1.49% 1.67% -.92 .36
Quantifier 15.3% 16.0% -6.70 < .001 15.20% 16.83% -3.06 .002
Reflexive .80% .86% -2.26 .02 1.49% .92% 3.43 < .001
First-Person 21.20% 23.44% -20.67 < .001 20.96% 22.54% -2.45 .01
Second-Person 16.40% 18.5% -20.69 < .001 15.22% 16.47% -2.23 .03
Third-Person 14.8% 20.9% -60.51 < .001 14.29% 20.84% -11.74 < .001
Gendered third-person 3.60% 5.60% -36.84 < .001 3.15% 4.92% -5.96 < .001
Subject 28.90% 37.50% -69.53 < .001 27.64% 35.55% -10.89 < .001
Object 21.64% 26.90% -46.77 < .001 19.66% 24.51% -7.91 < .001
IT 8.30% 10.29% -26.16 < .001 8.21% 9.44% -3.07 .002
Pronomial Usage From our analyses, we find that with the exception of reflexive
and posessive pronouns, anti-vaxxers show a significantly high pronomial usage across
all the categories. This difference is prominent specifically for third-person, gendered
third-person, subject, and object pronouns. In sociolinguistic literature, pronouns are
predominantly linked with narrative discourse structure. For example object pronouns
such as “him” or “his” and gendered third-person pronouns “he” or “she” have a ref-
erential property, where their semantic interpretation is dependent on what they are
referring to. Anaphoric references define objects already defined in the discourse [25]
which creates a better narrative viewpoint. Like intensifiers, pronouns are also found to
be used heavily by people with lower levels of perceived power [18].
Use of Uncertainty Words In terms of the use of uncertainty words, while we do find a
significant difference between the two communities, we do not observe the same effect
observed in the background literature [10]. In fact, we find a counter-intuitive result
i.e. that the anti-vaccination community with higher echo-chamberness (as observed in
section 4.2) tends to use more uncertain words than pro-vaccination community. This
is an evidence that not all echo-chamber communities show certainty in their tweets as
observed in [10].
Characterizing Sociolinguistic Variation in the Competing Vaccination Communities 9
Fig. 1. Mention (left), retweet (middle), and reply (right) networks of pro (in green) and anti (in
red) vaccination communities created using ORA-PRO [1,8]
4.2 Network Analysis
Along with the linguistic analysis, we also compute various network level measures
on the communication networks of the two target groups. These measures include the
network density, EI index, and echo-chamberness. We also visualize the three commu-
nication networks as shown in figure 1. All the network-based measures, and graphs
were computed using ORA-PRO [1,8].
We observe that anti-vaccination communities tend to have higher network density,
negative EI indices with higher absolute values, and higher echo-chamberness across all
the communication networks. On the other hand, the EI index for the pro-vaccination
communities is positive for mention and retweet networks displaying dominance of ex-
ternal ties. A summary of network-level measures can be found in Table 4. Interestingly
from the network graphs we can observe that on some level the two competing groups
are almost detached. This is specifically visible in the retweet network graph in Figure
1.
Table 4. This table shows the network-level measures for the three types of networks: mention
network, retweet network, and reply network
Measure Mention Network Retweet Network Reply Network
Network Density 1.7e-5 1.1e-5 3.1e-6
Network Density (Pro) 1.5e-5 1.0e-5 2.2e-6
Network Density (Anti) 4.1e-5 3.2e-5 6.3e-6
EI Index (Pro) 0.025 0.023 -0.167
EI Index (Anti) -0.276 -0.432 -0.572
Echo-chamberness (Pro) 0.0064334823 0.005364444 0.0043579605
Echo-chamberness (Anti) 0.009268834 0.007850341 0.005905038
5 Limitations and Future work
One minor limitation of our study is that in the data collection phase, the number of col-
lected hashtags for the two communities was unbalanced. This could potentially have
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introduced some bias in our downstream tasks such as label propagation. A possible
limitation pertaining to the network analysis is that we do not normalize our EI indices
to avoid losing precision. This, however gives us stronger results as while the nodes in
the anti-vaccination network are lower than the pro-vaccination network, the EI index
for anti-vaxxers is more negative than pro-vaxxers. Finally, all our analyses are correla-
tional in nature, and do not depict causation. This remains to be one of the important fu-
ture directions to test whether a certain network characteristic causes linguistic changes
in the network or vice-versa.
6 Conclusion
In this paper, we have carried out a comparison between two online competing vacci-
nation communities: pro-vaxxers and anti-vaxxers. We have studied these communities
in relation to their linguistic and social interactions. We conduct two kinds of analyses:
(i) linguistic, and (ii) network-level. We observe anti-vaxxers to display more frequent
usage of linguistic intensification, pronouns, and uncertainty words. We also observe
significant differences in the network structures of the two communities with anti-
vaxxers displaying higher echo-chamberness. These results suggest that anti-vaxxers
form a tighter community prone to the presentations of anecdotes, and so may be more
resistant to factual knowledge from outside the group.
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